Abstract
Introduction
In parquet slab grading, the grade of a slab is determined by measuring the sizes and the number of the defects, and the slab is assigned the best grade requirements it fulfills. The grading is performed on several grades depending on the parquet type, for example to the grades: classic, harmony, variation and fire wood, or prime, standard, flamy, extra flamy and fire wood.
However, human made grading seldom follows strict numerical rules, but is mostly based on observing the general visual appearance of the slabs. Important is also the ability to notice certain very small defects, like cracks or spots. Observation of the general visual appeareance is composed of defect shape and color observations and surface color and grain formation observation. Therefore, an approach not measuring the dimensions and locations of the defects, but rather creating an overview of the surface could be sufficient to this application.
A partner of the ESPRIT -P21023 (CATIE) project, Junckers Industrier A/S, Denmark, was interested in testing the wood inspection methods developed by University of Oulu (called the U 0 method) for the parquet slab defect recognition. They were developing a new slab grading line having automated grading based on color machine vision. Earlier, they have been using grey-level machine vision in collaboration with DTU, the Technical University of Denmark [l] . DTU was also participating the CATIE project, developing further their methods. From the comparisons of the methods of DTU and UO, Junckers established important information on the attainable defect recognition rates and grading accuracy, and also of the implementation complexity.
The requirements by Junckers Industrier A/S for the machine vision system are grading of 3 slabs (70 mm x 625 mm) per second, about 0.08 mm (transversal) x 0.36 mm (longitudinal) imaging resolution, and a grading accuracy better than 85%.
The inspection method
The U 0 method is a two-stage non-segmenting method using color histogram percentile features and k-NN classifiers, originally proposed in [2] . For more details of the method, see [3] . The non-segmenting method means 'segmentation' which does not try to decompose the image into meaningful regions, but makes the partitioning regardless of the contents of the image. In this experiment, the partitioning is made to non-overlapping rectangular regions of size 32x32 pixels. Features are calculated from each region and they are classified to relevant classes. Non-overlapping regions have been used by many researchers in wood surface inspection, for example, in [41, [5] and [61.
The first stage of the non-segmenting method performs defect detection and the second stage defect recognition. The defect detection stage classifies the rectangles into two classes: good and suspicious rectangles. The defect recognition classifies further the suspicious rectangles to the various defect categories.
The features used are RGB color histogram percentile features, described in details in [3] . The percentiles are calculated from a cumulative histogram Ck(x), which is defined as a sum of the normalised histogram Pk(x) of color channel k of all the values that are smaller than x or equal to x. Finding a value for a percentile feature is finding the x, when Ck(x) is known, requiring an inverse function of Ck(x). Let us denote the percentile feature value with Fk(y), we get the relation where y is a value of the cumulative histogram in the range [O%, loo%].
The feature vectors used in the classification are composed of selected sets of plain percentile features and differences of two percentile values either from the same color channel or from two different color channels.
Test setup
The method testing requires large amounts of manually labelled images. Color images were taken with line-scan cameras with several imaging arrangements during the project. One of the first imaging arrangements for demonstrating the achievable image quality with a 12-bit color line-scan camera is shown in Fig. 1 . The image set used consists of 150 images of beech wood slabs used for training and 360 images used for the grading test. The training areas were marked by creating painted images, where the pixels belonging to the selected training class are marked with colors by hand.
To evaluate the defect detection and recognition accuracy, rectangular samples were collected from the training areas marked in the painted images. The number of rectangular samples obtained from the training images was 26855, and their distribution to different classes can be seen from the all samples column in Table 1 .
A set of 117 color percentile features was calculated for the training samples. A feature selection algorithm was used to find the best features for defect detection and recognition. To carry out feature selection, subsets of the training samples were taken in order to obtain a roughly equal number of samples for the classes to be separated. The number of samples for the subsets for defect detection and defect recognition best feature selection are shown in Table  1 . 
Defect detection
For the defect detection feature selection, the training subset contains roughly equal numbers of samples of good wood and of the group formed by all the defects together, as shown in Table 1 .
The classification result of a defect detection test is shown in Fig. 2 in the form of a confusion matrix. The classification was made as a two-class classification, good wood versus all defects, denoted with the class name other. The listing below the confusion matrix shows the number of misclassifications of each defect class to the good wood class, i.e., the error escapes.
In the classification, the defect detection subset was used as a training set, and all samples were used for testing. Because the training set is a subset of the test set, during the classification it has to be assured that the samples from the same image are never used at the same time in the training and test sets. This was achieved by removing the training samples originating from the same parquet slab image than the tested sample during classification of each sample. After classification, the removed training samples are retumed to the training set, and the same check is performed for the next test sample to be classified.
The confusion matrix indicates that the false alarm rate, classification from good wood to other, is only 2.0 %. The error escape rate is larger, almost 6 %. However, more than half of the error escapes consists of areas manually labeled to the class grain, since grain is very close to the good wood color and properties. It is important, that the cracks and splits are very well detected.
Defect recognition
The subset of training samples for defect recognition best feature selection consists of roughly an equal number of samples from each defect class, as the last column of Table 1 shows. Good wood is also included in the training set to be able to classify some of the false alarms back to good wood.
The classification result of the 10509 (=314+10195) samples detected as defects at the previous stage is shown as a confusion matrix in Fig. 3. ltauurg sst w l e s 1510 -set ynples 10509
. . The confusion matrix shows that the overall correct recognition rate was about 80%. The worst cases are the remaining good wood samples, which are mostly confused with class grain and glucose. Not too many error escapes are caused at this stage. Streak has a relatively high error percentage, which is probably due to the small number of samples of this defect type. On the other hand, splits are well classified although their number is small too. Light and dark glucose spots (Iglucose and dglucose) are mostly confused to each other. Some recognition results are illustrated in Fig. 4 . It can be seen, that there are some clearly correct recognitions, but also cases that are not. Because the purpose is to have an overview of the board for grading, it is possible that a very accurate recognition is not necessary. However, on this level it is very difficult to evaluate how good grading accuracy can be achieved. It is very difficult to also compare the recognition results to the DTU method because of different approaches for recognition. Implementing a higher level grading algorithm that can accept the recognition results from both methods was necessary.
Parquet grading results
For the grading test, 360 images consisting 120 images from each of the three different grades, classic, harmony and variation, were used as the test material. Examples of the grades are illustrated in Fig. 5 . The grading of the slabs is performed by a grading algorithm implemented by DTU. The grading tests for the recognition results of both the U 0 and DTU methods were performed by Junckers and DTU. The grading algorithm calculates the distribution of the different recognized defect classes on a parquet slab, and judges the grade using a CART (classification and regression tree) classifier. The grading results are presented as confusion matrices in Tables 2 and 3 . There are only small differences between the results. The DTU method is better with the classic grade and the U 0 method with harmony grade. For further analysis, the effect of the misgradings to the value of each grade should be known.
Conclusions
This experiment shows the results of the non-segmenting method for parquet grading. Further, comparative results with a method from DTU were presented. The nonsegmenting method was suitable for parquet defect recognition, because the locations of the defects are not very important in parquet sorting. The general appearance of a parquet slab is depicted by the distribution of the defects on which the slab grading is based on.
The performance level in the final grading was quite similar for the U 0 and DTU methods. Because of close collaboration between DTU and Junckers, the DTU method was selected to be implemented in the inspection system.
The images used in the experiments were of preliminary quality and much better results were obtained by DTU and Junckers in later tests with the final quality images.
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